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Highlights:

• Novel Integration: An end-to-end framework that fuses Social GAN’s multimodal pedestrian
predictions with a constraint-aware MPC planner for the first time.

• Zero Collisions: Achieves perfect safety (zero violations) by reasoning over diverse future intents in
dense crowds.

• Minimal Trade-off: Maintains real-time performance and passenger comfort with only marginal
travel time and control effort increases.

Abstract: Navigating autonomously in dense, dynamic environments requires autonomous vehicles to
reason about multiple, socially plausible futures of surrounding pedestrians while ensuring safe and feasible
motion. To bridge the gap between multimodal trajectory prediction and safety-critical control, this paper
introduces a novel end-to-end prediction-to-control pipeline that seamlessly integrates socially consistent,
multimodal trajectory proposals from a Social Generative Adversarial Network (Social GAN) directly
into a constraint-aware Model Predictive Control (MPC) planner. Unlike approaches that compress
predictions into a single mode or use them only as soft costs, our method explicitly incorporates the
diverse trajectory hypotheses generated by Social GAN as time-varying dynamic obstacles within the
MPC’s optimization problem. This preserves the intent diversity crucial for negotiation in crowded
spaces and allows the controller to plan for a spectrum of possible outcomes proactively. Evaluated on
the ETH/UCY datasets and in dynamic crowd simulations, the integrated Social GAN+MPC controller
achieves zero safety violations and maintains a larger average pedestrian clearance (0.94 m) compared
to a reactive baseline, at the cost of only a marginal increase in travel time and a modest reduction
in path efficiency due to risk-averse maneuvering. The increase in mean acceleration (0.57 m/s2) and
jerk (1.34 m/s3) remains within acceptable comfort bounds, demonstrating that the framework delivers
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proactive safety without compromising real-time feasibility. This work demonstrates that coupling calibrated,
intent-diverse predictions with a robust optimizer provides a practical and effective pathway toward
zero-collision autonomous driving.

Keywords: pedestrian trajectory prediction; safety-aware motion planning; Social GAN; model
predictive control

1. Introduction

The rapid advancement of autonomous driving technology has the potential to transform transportation
systems, offering increased safety, efficiency, and accessibility [1,2]. Autonomous vehicles (AVs) are
expected to reduce human error, responsible for a significant percentage of traffic accidents [3,4]. They
also promise to optimize traffic flow, reduce congestion, and provide greater mobility for individuals
unable to drive due to age, disability, or other reasons. The ultimate goal of autonomous driving is to
create vehicles that can navigate complex, dynamic environments with minimal or no human intervention,
achieving full automation across a wide range of road conditions and traffic scenarios [5–7].

However, realizing this vision is a formidable challenge, particularly in urban environments where
traffic is dense and unpredictable. Autonomous driving systems must be able to perceive their surroundings,
make decisions in real-time, and execute motion plans that ensure the safety and comfort of passengers,
pedestrians, and other vehicles [8,9]. To achieve this, two critical capabilities must be seamlessly
integrated: accurate trajectory prediction of surrounding agents and robust, real-time motion planning that
accounts for a wide range of possible future scenarios [10].

Predicting the behavior of pedestrians and other road users is inherently uncertain and multi-modal.
People do not always follow predictable paths; they may hesitate, speed up, or change direction
unexpectedly [11–13]. These behaviors must be considered when planning an autonomous vehicle’s
trajectory. Traditional motion planning techniques rely on simplified models of human behavior, which
struggle to capture the complexity and variability inherent in pedestrian movement [14–16]. Human
pedestrians often exhibit non-linear, unpredictable behaviors, such as hesitation, abrupt changes in
speed, and interaction with other agents. These multi-modal behaviors pose significant challenges
for conventional trajectory prediction models, which tend to provide deterministic predictions or fail to
account for the inherent uncertainty of the environment [17–19]. The schematic diagram for the pedestrian
trajectory prediction task is shown in Figure 1.

A persistent challenge in bridging prediction and planning lies in the trade-off between multimodality
and computational tractability. On one hand, many practical planning systems, for the sake of real-time
operation, compress the rich output of multimodal predictors into a single conservative prediction
(e.g., a worst-case scenario) or a probabilistic occupancy map [20,21]. While efficient, this loss of intent
diversity can lead to overly cautious or even infeasible plans when multiple distinct futures are equally probable.
On the other hand, methods that naively consider a vast number of predicted samples to preserve diversity often
incur prohibitive computational costs, making them unsuitable for the tight control loops required in autonomous
driving [22]. This creates a critical gap for a framework that can preserve socially consistent multimodality for
robust decision-making while remaining computationally lean enough for real-time application.
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Figure 1. Pedestrian trajectory prediction task diagram.

Beyond this fundamental trade-off, a practical solution must also demonstrate real-world applicability.
This entails not only meeting strict real-time computational budgets—a core requirement for any
automotive-grade system—but also possessing a modular design that allows for integration into existing
autonomy stacks without necessitating a complete architectural overhaul. A method that is either too slow
for a high-frequency control loop or incompatible with modular perception-planning-actuation pipelines
has limited deployment potential.

To address these challenges, this paper proposes a novel approach that combines the strengths of
Social GAN [23], a generative adversarial network designed to model socially aware pedestrian trajectory
prediction, with Model Predictive Control (MPC), a well-established optimization-based framework for
real-time motion planning [24,25]. The proposed framework integrates prediction and control in a manner
that allows for the simultaneous consideration of multiple plausible future trajectories and the optimization
of vehicle motion in real-time. By incorporating the multi-modal predictions generated by Social GAN,
the planner is able to account for a wider range of possible agent behaviors, thereby improving safety and
robustness in dynamic environments.

Social GAN models pedestrian behavior as a function of individual intentions and social interactions,
producing multiple future trajectory hypotheses representing different possible outcomes. This diversity
of predictions is achieved through adversarial training and a variety of loss functions, which encourage the
generation of trajectories that reflect the inherent variability of human motion [26–28]. This multi-modal
approach ensures that the planner can respond to broader scenarios, reducing the risk of overly conservative
or aggressive planning decisions [29,30]. On the control side, MPC generates optimal vehicle trajectories
that respect dynamic constraints, including collision avoidance with pedestrians and other vehicles, and
physical constraints such as speed and kinematic limitations [31–33]. The key advantage of MPC is its
ability to incorporate prediction uncertainty into the planning process by treating the predicted trajectories
as dynamic constraints that evolve [34,35]. This approach enables the planner to react in real-time to
environmental changes while maintaining safe and smooth control.

Overall, the contributions of this paper are as follows:
(1) This paper provides a unified prediction-to-control pipeline, where Social GAN’s multi-modal
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trajectory predictions directly inform the MPC optimization process;
(2) We demonstrate the effectiveness of this integrated approach through extensive experimentation

on standard pedestrian trajectory prediction benchmarks.
The remainder of this paper is structured as follows. Section 2 introduces relevant trajectory prediction

and control models. Section 3 details the proposed method. Section 4 demonstrates the effectiveness of the
proposed method through experimental results. Finally, Section 5 summarizes the content and outlines
future research directions.

2. Related work

2.1. Trajectory prediction

Forecasting the motion of traffic participants is intrinsically multimodal and interaction-driven. Early
deterministic regressors reduced trajectory forecasting to point estimates, which are brittle under aleatoric
uncertainty and social intent variability. Generative approaches (e.g., GAN [36,37]/CVAE families [38,39])
reframed the task as learning a distribution over futures, encouraging sample diversity so that multiple
socially plausible paths coexist rather than collapsing to a single mean. Social pooling and its
successors (graph neural networks [40,41] and attention/transformer architectures [42,43]) made
inter-agent coupling explicit, letting the predictor condition on neighbors’ states and intents. Map-aware
models further exploited lane topology, drivable areas, and semantic priors, aligning hypotheses to the
scene structure and drastically reducing off-map artifacts.

Beyond GAN/CVAE, flow-based and diffusion-style predictors brought complementary strengths:
normalizing flows provide exact likelihoods and efficient sampling, which benefits calibration and
risk-aware downstream use, while diffusion models tend to produce broad, mode-covering samples with
high geometric fidelity at the cost of higher compute. Mixture-of-experts and hierarchical decoders split
long-horizon uncertainty into interpretable alternatives, improving coverage and controllability. Another
thread reasons over occupancy or motion fields rather than per-agent polylines, which can better capture
group phenomena but can be harder to feed into classical controllers.

A persistent challenge is the diversity–accuracy trade-off. Metrics such as ADE/FDE reward mode
coverage, yet excessive diversity can dilute accuracy for the realized mode [44]; conversely, narrow
distributions look good under average errors but fail catastrophically in rare yet safety-critical cases.
Recent works therefore emphasize calibration (matching predicted and empirical frequencies), uncertainty
disentanglement (aleatoric vs. epistemic), and evaluation under closed loop—measuring how forecasts
perform when actually coupled to a planner, rather than in open-loop replay [45–47]. These lessons
motivate treating predictors not as oracles but as proposal generators whose samples must be filtered and
optimized by decision-making [48].

2.2. Control optimization beyond a single paradigm

MPC is widely used because it naturally accommodates constraints and receding-horizon re-optimization [49].
However, production-grade autonomy leverages a portfolio of control and planning paradigms.
Search-/lattice-based planners efficiently enumerate kinematically feasible motions on structured roads,
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while sampling-based controllers (e.g., CEM/MPPI) evaluate thousands of stochastic rollouts against
learned or analytic costs to escape local minima [50]. Rule and behavior-based layers handle high-level
intents, handing motion targets to a lower-level optimizer [51]. From the safety side, Control Barrier
Functions (CBFs) [52], viability kernels, and reachability analysis provide certificates or conservative sets
for collision avoidance.

Risk handling is increasingly distribution-aware: chance constraints trade constraint violation
probability against performance [53]; CVaR and other coherent risk measures focus the controller on
tail events [54]; distributionally robust optimization (DRO) hedges against model mis-specification by
optimizing for the worst case within an ambiguity set [55]. Scenario-based MPC samples multiple
futures (weather, intents) and optimizes feasible policies across those scenarios [56]. To meet real-time
budgets, practical systems combine these ideas with engineering enablers—code-generated solvers, warm
starts, parallel evaluation on accelerators. The limitation, however, is that many pipelines still rely on
unimodal or heuristically pruned forecasts, which under-represent social multimodality and can yield
brittle plans when the realized intent deviates from the expected one.

2.3. Learning and control integration

Moving beyond open-loop forecasting, prediction-aware planning pipelines explicitly feed distributions
into the decision layer. Some works decouple prediction and planning but pass multiple hypotheses
or occupancy distributions to a planner that scores them against comfort and safety [20,21,57]; others
pursue joint training where a differentiable planner shapes the predictor toward plans that are easier
to realize [58,59]. Neural state-space models embedded in MPC blend learning’s expressiveness with
closed-loop guarantees, while planning-as-inference casts decision-making as posterior inference, unifying
costs with probabilistic structure [60]. There is also momentum behind world-model approaches that
learn simulators for fast rollout and policy improvement.

Two practical gaps remain. First, preserving social multimodality end-to-end: many integrations
compress the forecast into a single mean/variance or a soft occupancy map, which washes out intent
alternatives crucial for negotiation [20,21]. Second, making the distribution actionable under real-time
compute: sample-rich methods expose functional diversity but can be too slow for a tight control loop
unless augmented with proposal selection, pruning, and warm-started optimization [22]. These gaps
motivate architectures where a learned generator surfaces a compact yet diverse proposal set, and a
certified optimizer performs constraint-aware selection and refinement.

3. Method

This paper positions our method squarely at this interface. A Social GAN–style predictor serves as
a socially informed proposal generator, yielding a small set of intent-aware trajectories that reflect
negotiation outcomes seen in data. Rather than averaging or rasterizing them away, we pass these
hypotheses to a constraint-aware MPC that evaluates feasibility, comfort, and risk. Then, we select
and refine the best candidate in a closed loop. This preserves mode diversity for high-level intent, yet
benefits from MPC’s hard guarantees and receding-horizon adaptation. Compared to pipelines that rely
on a single forecast, fuse predictions only as soft costs, and adopt heavy sampling at planning time,
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our design maintains social consistency while keeping computation predictable via proposal curation
and warm-started optimization. The result is a planner robust to intent ambiguity, respectful of safety
constraints, and practical under automotive real-time limits. The methods presented in this paper will
be detailed in the following subsections: (1) Social GAN for pedestrian trajectory prediction; (2) Model
predictive control; and (3) Integration of Social GAN with MPC. The model architecture of this paper is
illustrated in Figure 2.
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Figure 2. The model architecture of our method.

3.1. Social GAN for pedestrian trajectory prediction

Let A = {1, . . . ,N} be pedestrians visible in a scene. For each agent i, we observe a 2D position
sequence over Tobs steps, Xi = {xt

i}
Tobs
t=1 , and aim to forecast the future Tpred steps Yi = {yt

i}
Tobs+Tpred
t=Tobs+1 ,

where xt
i,y

t
i ∈ R2. We denote X = {Xi}i∈A and Y = {Yi}i∈A . Human motion is multi-modal and

interaction-dependent; thus the predictor must (i) encode social context and (ii) generate a set of
plausible futures.

The generator produces K candidate futures by injecting a latent code z(k) ∼N (0, I), as shown in
Equation (1).

ht
i = LSTMenc

(
ht−1

i ,φ
(
xt

i− xt−1
i

))
, t = 2, . . . ,Tobs (1)

where φ(·) is a velocity/relative-displacement embedding. Social interaction at time t is summarized by a
permutation-invariant pooling of neighbors’ states, as shown in Equation (2).

st
i = Ψ

({
g
(
ht

j−ht
i,x

t
j− xt

i
)
| j ∈N t

i
})

(2)

where Ψ an aggregation (e.g., grid-pooling or attention) and g a pairwise feature map. The context vector
for agent i is ci = Agg

(
{[ht

i,s
t
i]}

Tobs
t=1

)
.

The generator produces K candidate futures by injecting a latent code z(k) ∼N (0, I), as shown in
Equation (3).

Ŷ (k)
i = Gθ

(
ci,z(k)

)
, k = 1, . . . ,K (3)

where Gθ is an auto-regressive LSTM decoder, as shown in Equation (4).
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ŷt+1,(k)
i = Dec

(
ŷt,(k)

i ,ci,z(k)
)
, t = Tobs , . . . ,Tobs +Tpred −1 (4)

where initialized with the last observation xTobs
i . Latent sampling makes

{
Ŷ (k)

i

}
cover distinct maneuver modes.

A discriminator Dφ scores pairs (X,Y) vs (X, Ŷ). It shares the encoder’s social pooling to ensure
that social compliance influences real/fake discrimination, as shown in Equation (5).

Dφ (X,Y) ∈ (0,1) (5)

We combine an adversarial objective with a best-of-K variety loss to encourage both realism and
coverage. For generator G and discriminator D, as shown in Equations (6)–(7).

Ladv (G,D) = E(X,Y)[logD(X,Y)]+EX,Z[log(1−D(X, Ŷ))] (6)

Lvar(G) = ∑
i∈A

min
k∈{1,...,K}

Tobs+Tpred

∑
t=Tobs+1

∥∥∥yt
i− ŷt,(k)

i

∥∥∥
1

(7)

While the adversarial loss ensures the generated trajectories are socially realistic, it does not inherently
encourage diversity among the K samples. To prevent “mode collapse”—where the generator produces
multiple similar trajectories that are all plausible but fail to cover the full spectrum of possible futures—we
introduce a variety loss Equation (7). Its function is intuitive: for each pedestrian, it looks at all K predicted
trajectories and only penalizes the one that is closest to the ground-truth future. This acts as a “best-of-K”
training signal, forcing the generator to spread its predictions to cover at least one trajectory close to
the actual outcome, thereby explicitly promoting diversity across different latent samples. The overall
min–max objective as shown in Equation (8).

min
G

max
D

Ladv(G,D)+λLvar(G) (8)

where λ > 0 balancing realism and diversity. The variety loss selects, per agent, the closest among K

hypotheses, preventing mode collapse while not penalizing diverse but plausible alternatives. The overall
schematic diagram of the Social GAN model is shown in Figure 3.

Figure 3. Structure diagram of the Social GAN model.

3.2. Model predictive control

MPC is formulated as a finite-horizon constrained optimization solved at each step; only the first control
is applied before the horizon recedes. In our setting, MPC tracks the reference path, respects physical
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bounds, and incorporates Social GAN forecasts as dynamic obstacles for safe, smooth planning. The
objective function of MPC is typically defined as the weighted sum of the squares of the state error and
the control input, as shown in Equation (9).

J =
H

∑
k=0

∥∥∥xk−xref
k

∥∥∥2

Q
+

H−1

∑
k=0
∥uk∥2

R (9)

where xk denotes the system state, uk denotes the control input, xre f
k denotes the reference trajectory point,

and Q and R are the weighting matrices.
This paper abstracts the vehicle as a point mass model moving in a plane to simplify optimization

computation, employing a dual-integral model to describe vehicle dynamics. This model assumes the
car can accelerate independently in two orthogonal directions, with motion in each direction governed
by two state variables—displacement and velocity—and acceleration control inputs. The system state
vector is x = [x, ;y, ;vx, ;vy]

⊤, where (x,y) represents the vehicle’s position in the planar coordinate system
and (vx,vy) denotes the corresponding velocity components. The control input vector u = [ax, ;ay]

T

corresponds to the vehicle’s acceleration in the x and y directions. By discretizing the model using a
discrete time step ∆t, the vehicle state update Equation (10) is obtained.

xk+1 = xk + vx,k∆t + 1
2ax,k∆t2

yk+1 = yk + vy,k∆t + 1
2ay,k∆t2

vx,k+1 = vx,k +ax,k∆t

vy,k+1 = vy,k +ay,k∆t

(10)

where the subscript k denotes the current discrete time step, and k+1 represents the next time step. This
paper designs a comprehensive cost function for the vehicle to optimize the MPC path. This cost function
comprises a weighted sum of multiple sub-objectives, each corresponding to a specific performance
metric. The goal is to quantify deviations in the planned trajectory and control energy consumption, as
shown in Equation (11).

Jtotal = ωeJe +ωaJa +ω jJ j +ωobs Jobs (11)

where ω represents the corresponding weighting coefficient, and J represents different cost terms. The
path tracking error term is Je, the acceleration control term is Ja, the acceleration smoothing term is J j,
and the dynamic obstacle avoidance soft constraint term is Jobs. The specific cost terms are shown in
Equation (12) to Equation (15).

Je =
H

∑
k=1

[(
xk− xref

k

)2
+
(

yk− yref
k

)2
]

(12)

Ja =
H−1

∑
k=0

(
a2

x,k +a2
y,k

)
(13)

J j =
H−2

∑
k=0

[(
ax,k+1−ax,k

)2
+
(
ay,k+1−ay,k

)2
]

(14)

Jobs =
H

∑
k=1

Nobs

∑
j=1

{
max

(
0,Dmin−dk, j

)}2 (15)
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where (x,y) represents the actual position,
(
xref

k ,yref
k

)
represents the desired position, the prediction time

window length is H, k denotes the prediction step number, a denotes acceleration, dk, j represents the
distance between the obstacle and the vehicle, and Dmin denotes the minimum safe distance threshold.

In MPC optimization, in addition to the objective function, a series of constraints must be explicitly
imposed to ensure that the resulting control inputs and state sequences are physically feasible and meet
safety requirements. Specifically, these include the following types of constraints: dynamic feasibility
constraints, physical boundary constraints, and safety constraints. Collectively, these are expressed as
Equation (16).

Xk+1 = AXk +BUk,

∥vk∥2 ≤ vmax, ∥ak∥2 ≤ amax∥∥∥pk−p(i)
k

∥∥∥
2
≥ dmin, ∀i,k

(16)

where p(i)
k represents the predicted position of the ith pedestrian at time k, and vmax, amax,dmin denote

adjustable physical and safety thresholds. In summary, the MPC flowchart is shown in Figure 4.

Figure 4. The MPC flowchart.

3.3. Integration of Social GAN with MPC

This paper couples Social GAN’s multi-modal forecasts with the MPC in two places already defined in
our setup: the objective and the safety constraints. Concretely, we retain the vehicle model, base quadratic
tracking/effort terms, and smoothness regularizer in Equations (9)–(14), and we treat Social GAN samples
as time-varying dynamic obstacles that enter through the soft avoidance term (Equation (15)) and, when
desired, through the distance constraints in Equation (16).

At each control cycle, Social GAN produces K plausible pedestrian futures
{

Ŷ (k)
}K

k=1
over

horizon H. We keep a compact subset for real-time MPC and compute per-sample weights {wk} to
emphasize hypotheses most compatible with the recent motion history. This converts the single-mode soft
obstacle term in Equation (15) into a prediction-aware composite that preserves social multi-modality
without changing the rest of the controller. Let pk = [xk,yk]

⊤ be the planned ego position. Reusing
the hinge-style penalty of Equation (15), we define a weighted sum across the retained hypotheses as
Equation (17).

JSG
obs = ∑

k
wk

H

∑
k′=1

Nobs

∑
j=1

[
max

(
0,Dmin−

∥∥∥pk′− ŷ(k)j,k′

∥∥∥
2

)]2
(17)
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where replace Jobs in Equation (11) with JSG
obs. For each predicted trajectory hypothesis Ŷ (k), its weight wk

is computed as shown in Equation (18).

wk =
exp

(
−d(k)

min

)
∑

K
i=1 exp

(
−d(i)

min

) (18)

where d(k)
min = minH

t=1

∥∥∥pt− ŷ(k)t

∥∥∥
2

is the minimum Euclidean distance between predicted trajectory k and
the vehicle’s planned path over the entire prediction time domain H. No other terms are modified; thus
the total cost remains the weighted sum in Equation (11), preserving the design intent and tunability of
ωe,ωa,ω j,ωobs. The whole integrated framework is detailed in Algorithm 1.

Algorithm 1 Social GAN–Informed MPC with Multi-Modal Dynamic-Obstacle Aggregation
Inputs: horizon H, step ∆t, weights (ωe,ωa,ω j,ωobs), bounds vmax,amax,Dmin; reference path
{(xref

k ,yref
k )}H

k=1; number of predictions K; retain budget M ≤ K.
State: ego state x; warm-start sequence Uws (optional).

1: while task not finished do
2: Observe pedestrian histories X = {Xi}i∈A over Tobs.
3: Encode social context to obtain {ci} using (1)–(2).
4: Sample {z(k)}K

k=1 ∼N (0, I) and generate K futures Ŷ(k) = {Ŷ (k)
i }i∈A via (3)–(4).

5: Compute compatibility weights {wk}K
k=1 from recent motion; normalize so ∑

K
k=1 wk = 1.

6: Select top-M hypotheses K ⊆ {1, . . . ,K} by wk (keeps runtime predictable).
7: Let pk = [xk,yk]

⊤ denote the planned ego position along the horizon.
8: Build JSG

obs as in (17) using {wk}k∈K and {Ŷ(k)}k∈K .
9: Formulate MPC: minimize Jtotal = ωeJe +ωaJa +ω jJ j +ωobsJSG

obs with Je,Ja,J j from (12)–(14),
subject to dynamics (10) (or the state-space form in (16)), speed/accel bounds ∥vk∥2 ≤ vmax,
∥ak∥2 ≤ amax, and (optional) hard distances ∥pk−p(i)

k ∥2 ≥ dmin.
10: Warm-start with Uws if available.
11: Solve for U⋆ = {u⋆

0, . . . ,u
⋆
H−1} and {x⋆k}H

k=1.
12: Apply u⋆

0; set Uws← [u⋆
1, . . . ,u

⋆
H−1,0].

13: Advance time, update x, refresh observations/predictions.
14: end while

4. Experimental setup and results

4.1. Dataset, experimental setup, and evaluation metrics

This paper selects ETH [61]/UCY [62] as the dataset, comprising the ETH BIWI pedestrian dataset and
the UCY exemplar crowd dataset. The two datasets encompass five widely used scenarios: ETH and
HOTEL (derived from ETH), and UNIV, ZARA1, and ZARA2 (derived from UCY). ETH was recorded in
Zurich from a bird’s-eye view over building entrances and sidewalks, capturing numerous real pedestrian
tracks and avoidance behaviors; UCY covers open-space campus and street areas with group behaviors
such as joining, merging, and yielding. Trajectories are typically derived from 25-fps videos. Owing to
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rich social interactions and occlusions, ETH/UCY has become a canonical resource for evaluating social
consistency and cross-scene generalization.

The experimental environment for this paper includes hardware and hyperparameter settings, as
detailed in Table 1.

Table 1. Hyperparameter settings.

Hyperparameter Value

Learning rate 0.0015
Epochs 300
Batch size 4
Observation time 3.2 s (8 frames)
Prediction time 4.8 s (12 frames)
Sequence Length 8 s (20 frames)
Sampling number 20
Optimizer Adam
Sampling period 0.4 s
Prediction Step Size 8
Control horizon 8
Maximum Number of Iterations for Optimal Response 5
Control Convergence Criteria 0.001

The evaluation metrics in this paper assess performance from two aspects: trajectory prediction and
control performance. The evaluation metrics for trajectory prediction are ADE and FDE, as shown in
Equations (19)–(20).

ADE =
1

T N

N

∑
i=1

T

∑
t=1

∥∥ŷt
i− yt

i
∥∥

2 (19)

FDE =
1
N

N

∑
i=1

∥∥ŷT
i − yT

i
∥∥

2 (20)

where T denotes the predicted time step, N denotes the total number of samples, and ŷt
i and yt

i represent
the predicted position and actual position of the ith sample at frame t, respectively. The performance
evaluation metrics for control are Time to Goal, Path Efficiency, Safety Violations, Average Acceleration,
and Average Jerk, as shown in Equations (21)–(25).

Tgoal := inf
{

t ≥ 0 |
∥∥s(t)− sgoal

∥∥
2 < ε,∥v(t)∥2 < δ

}
(21)

where sk/s(t) is the position vector, vk/v(t) is the velocity vector, ε,δ > 0 is the distance and velocity
threshold, and Tgoal is the time at which the target is first approached while simultaneously meeting the
velocity threshold, as shown in Equation (22).

η =
Loptimal

Lactual
(22)

where Loptimal =
∥∥s0− sgoal

∥∥ represents the shortest path and Lactual = ∑
n
i=1 ∥si− si−1∥ represents the

cumulative actual driving distance, as shown in Equation (23).
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Nviolation =
K

∑
k=1

I
(

min
j

∥∥∥sk−p( j)
k

∥∥∥< dmin

)
(23)

where Sk denotes the robot’s position at time k, p( j)
k represents the position of the jth pedestrian at that

time, and I(·) is an indicator function, as shown in Equation (24).

ā =
1
K

K

∑
k=1
∥ak∥2 (24)

where ak is the acceleration vector for step k, and K is the total number of control steps, as shown in
Equation (25).

j̄ =
1

K−1

K

∑
k=2

∥ak−ak−1∥2
τ

(25)

where τ is the sampling period.

4.2. Experimental results and analysis

To further demonstrate the superiority of the proposed method, experiments were conducted in this section,
and the relevant experimental results were analyzed. The comparative results of the trajectory prediction
models are shown in Table 2.

Table 2. Comparative experimental results of trajectory prediction models
(prediction performance).

Method
(ADE/FDE)

ETH HOTEL UNIV ZARA01 ZARA02 Average

LSTM 0.70/1.45 0.55/1.77 0.36/0.77 0.25/0.53 0.31/0.65 0.43/1.03
Social LSTM [63] 0.73/1.48 0.49/1.01 0.41/0.84 0.27/0.56 0.33/0.70 0.45/0.92
SGAN [23] 0.60/1.19 0.52/1.02 0.44/0.84 0.22/0.43 0.29/0.58 0.41/0.81

Comparison of ADE/FDE Performance Between Social GAN and other trajectory prediction methods
on the ETH/UCY Dataset (Lower values indicate fewer errors). This paper presents ADE and FDE
results for Social GAN and Social-LSTM across five sub-scenarios: ETH, HOTEL, UNIV, ZARA1, and
ZARA2. As shown in Table 2, Social GAN performs better than other methods, delivering more diverse
predicted trajectories.

To evaluate the effectiveness of the proposed trajectory-prediction and control strategy, we conduct
two experiments in a dynamic crowd environment, comparing: (i) a simple reactive obstacle-avoidance
baseline (emergency-stop policy) and (ii) the proposed Social GAN-assisted MPC controller. Both
experiments share identical start/goal configurations and crowd dynamics; Social GAN predicts pedestrian
trajectories, while motion decisions are executed by either the emergency-stop mechanism or the MPC
controller. We report performance using six quantitative metrics: arrival time, final path efficiency, average
minimum distance to pedestrians, number of safety violations, mean acceleration, and jerk. The metric
definitions are summarized in Table 3, and the comparative results are presented in Figures 5 and 6.

In Figures 5 and 6, the red dot trajectory represents the robot, moving from the lower-left starting
point toward the upper-right. The green pentagram marks the robot’s target point. Trajectories of other
colors indicate the movement paths of several pedestrians in the scene, showing multiple pedestrians
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crossing near the robot’s route. The robot must maintain a safe distance from pedestrians without
halting forward motion. Both control strategies leverage pedestrian trajectory predictions provided by
Social GAN to anticipate and avoid collisions.

Table 3. Comparative experimental results of our method (control performance).

Performance Metrics Simple reactive obstacle-avoidance Social GAN + MPC

Arrival time 13.6 s 14.4 s
Final path efficiency 99.91% 96.31%
Average minimum distance to pedestrians 0.93 m 0.94 m
Number of safety violations (< 0.1 m) 1 0
Mean acceleration (m/s2) 0.04 0.57
Jerk (m/s3) 0.11 1.34

Figure 5. Visualization of simple reactive obstacle avoidance.
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Figure 6. Visualization of Social GAN + MPC.

In dynamic-crowd simulations, the Social GAN-assisted MPC achieves zero safety violations
and a slightly larger average minimum pedestrian clearance (0.94 m vs. 0.93 m) than a simple
emergency-stop baseline. This enhanced safety is achieved at the cost of marginally longer travel
time (14.4 s vs. 13.6 s) and reduced path efficiency (96.31% vs. 99.91%) due to risk-aware detours.
Crucially, the controller’s proactive nature is reflected in the elevated mean acceleration and
jerk (0.57 m/s2 and 1.34 m/s3 vs. 0.04 m/s2 and 0.11 m/s3). The significant increase in jerk, which
quantifies the rate of change of acceleration, is a direct result of the MPC continuously refining the vehicle’s
trajectory in response to multiple, evolving pedestrian predictions. Unlike the static emergency-stop
policy, our method makes smoother, earlier adjustments to anticipated threats, which nevertheless involve
more frequent changes in acceleration than simply maintaining a constant velocity or executing a single,
hard brake.

Overall, the Social GAN+MPC controller trades negligible delay and modest path elongation for
materially improved safety and feasibility, aligning with zero-collision engineering requirements; further
weight tuning can reduce jerk without compromising avoidance performance.

4.3. Real-time verification results and analysis

To verify whether the proposed framework satisfies the predictable computation characteristics required
for real-time control, we conducted a detailed analysis of the latency of the system’s key components.
The results in Figures 7–9 clearly confirm that the system can meet the real-time control demands of
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autonomous driving while maintaining computational predictability.

Figure 7. End-to-end prediction-to-control pipeline latency distribution.

Figure 8. Social GAN multimodal trajectory prediction module latency distribution.

15



Robot Learn. Article

Figure 9. MPC solver single-iteration optimization latency distribution.

The end-to-end latency analysis (Figure 7) reveals an average latency of 208.7 milliseconds across
40 complete control cycles, with a 95th percentile (P95) latency of 276.5 milliseconds and a maximum
latency of 359.6 milliseconds. Crucially, all cycles completed within the 400-millisecond deadline with
a 0% failure rate. This outcome demonstrates that the entire prediction-control pipeline maintains high
reliability under stringent temporal constraints, providing a robust foundation for real-time deployment.

Further decomposition of latency sources reveals that the Social GAN prediction module (Figure 8)
exhibits extremely low computational overhead, with an average latency of only 5.5 milliseconds and
a P95 latency of 8.2 milliseconds. This minimal and stable latency proves that generating multimodal
trajectory predictions does not become a real-time control bottleneck, enabling the integration of complex
deep learning predictors within the control loop.

As the primary computational component, the MPC solver (Figure 9) exhibits an average latency
of 108.6 milliseconds and a P95 latency of 161.2 milliseconds. This performance indicates that the
optimization solver can complete within reasonable control cycles even when considering complex
scenarios with multiple pedestrian trajectory hypotheses. Combined with the prediction module’s latency,
the total latency of the core algorithm (prediction + planning) averages 114.1 milliseconds with a
P95 of 169.4 milliseconds, entirely suitable for typical autonomous driving control cycles (typically
100–200 milliseconds).

The compactness of these latency distributions—where all components’ P95 and maximum values fall
within reasonable ranges—further validates the system’s computational predictability. This predictability
is critical for safety-critical autonomous driving systems, as it ensures controllers respond promptly across
diverse scenarios without incurring unacceptable computational delays.
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5. Conclusion

This paper has introduced a unified prediction-to-control pipeline that effectively bridges a critical gap
in autonomous driving: integrating socially aware, multimodal trajectory prediction with real-time,
safety-certifiable control. Our key contribution lies in demonstrating that preserving intent diversity from
a predictor like Social GAN and directly embedding it into an MPC’s optimization process is feasible and
essential for achieving robust zero-collision performance in dynamic environments.

The experimental findings validate the core premise of our approach. The achievement of zero
safety violations in dense simulations underscores that reasoning over multiple plausible futures is a
decisive advantage over single-mode or reactive strategies. The associated marginal increases in travel
time and control effort are not merely trade-offs, but evidence of a proactive and strategically cautious
planning philosophy. The fact that these metrics remained within acceptable comfort bounds confirms
that our method delivers substantial safety improvements without compromising passenger comfort or
real-time feasibility.

The implications of this work extend beyond the specific Social GAN and MPC models. It provides a
generalizable framework for fusing learning-based multimodal prediction with optimization-based control,
highlighting the importance of computationally efficient proposal curation to make such integration
practical. This moves the field away from brittle, single-future planning and towards a more robust
paradigm where autonomous vehicles can confidently navigate the inherent uncertainty of human behavior.

Looking ahead, this framework opens several promising directions [64,65]. We will refine the
controller’s comfort awareness through jerk-aware regularization and more sophisticated cost functions.
Furthermore, tightening the coupling between prediction and planning—through uncertainty-aware
weighting and even joint training—promises to yield more coherent and efficient behaviors. Finally,
incorporating formal risk-sensitive constraints (e.g., chance constraints, Control Barrier Functions)
and validating the system in hardware-in-the-loop and real-world experiments are critical next steps
toward deploying this technology in safety-critical autonomous systems. While the proposed framework
demonstrates robust performance in simulation, we note the theoretical challenge of ensuring recursive
feasibility under multimodal predictions. Future work will focus on integrating stochastic MPC
with chance constraints or control barrier functions to provide rigorous safety certificates under
prediction uncertainty.
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